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Abstract

Understanding the world from multiple perspectives is
essential for intelligent systems operating together, where
segmenting common objects across different views remains
an open problem. We introduce a new approach that re-
defines cross-image segmentation by treating it as a mask
matching task. Our method consists of: (1) A Mask-
Context Encoder that pools dense DINOv2 semantic fea-
tures to obtain discriminative object-level representations
from FastSAM mask candidates, (2) an Ego↔Exo Cross-
Attention that fuses multi-perspective observations, (3) a
Mask Matching contrastive loss that aligns cross-view fea-
tures in a shared latent space, and (4) a Hard Negative Ad-
jacent Mining strategy to encourage the model to better dif-
ferentiate between nearby objects. O-MaMa achieves the
state of the art in the Ego-Exo4D Correspondences bench-
mark, obtaining relative gains of +22 % and +76 % in the
Ego2Exo and Exo2Ego IoU against the official challenge
baselines, and a +13 % and +6 % compared with the SOTA
with 1 % of the training parameters.

1. Introduction

Nowadays, intelligent agents need to collaborate while per-
forming cooperative tasks. This includes applications like
multi-robot manipulation [29, 64], augmented reality as-
sistants [70, 74], and human-robot collaboration [7, 13].
Perception plays a crucial role in this scenario, but each
agent typically has access only to its own sensors or cam-
eras, and each one perceives the environment from a differ-
ent perspective. Consequently, understanding object corre-
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Figure 1. Overview of our proposed Object Mask Matching
(O-MaMa). Instead of attempting the complex cross-view seg-
mentation task, we obtain a set of mask candidates in the destina-
tion view using FastSAM. Through contrastive learning, we select
the mask candidate that best matches the source mask.

spondences between egocentric (first-person) and exocen-
tric (third-person) views is essential to align multi-agent
perception and establish a shared basis for interaction. De-
spite the advances in segmentation [40, 43, 47, 77] and ob-
ject detection [5, 25] from single images, cross-view seg-
mentation between egocentric and exocentric perspectives
remains an open challenge.
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In this paper, we address the Ego-Exo Correspondences
task, where the goal is to predict an object’s mask in one
perspective given a query mask from the other. Unlike tra-
ditional segmentation problems, this task introduces addi-
tional challenges, including drastic viewpoint transforma-
tions, scale variations, occlusions, and domain shifts due to
differences in camera optics and imaging conditions. While
the exocentric view captures both the full environment and
the person’s body, it contains objects at multiple scales.
Conversely, the egocentric view offers rich details on hand-
object interactions, but it is highly dynamic, suffering from
motion blur and frequent occlusions due to the ongoing
interactions. These challenges make establishing precise
object-level correspondences across views particularly dif-
ficult, requiring fine-grained segmentation and strong cross-
view semantic reasoning.

We propose simplifying the complex cross-image seg-
mentation task by reformulating it as Object Mask Match-
ing (O-MaMa) across ego and exo views, leveraging the
excellent zero-shot segmentation capabilities of Segment
Anything Models (SAM) [33]. An overview of our method
is shown in Fig. 1. First, we extract a set of object mask
candidates in the destination view using FastSAM [87].
To obtain mask descriptors, we encode each object mask
with a Mask-Context Encoder, which pools dense DINOv2
[55] semantic features from both object masks and their
extended bounding boxes, combining discriminative object
features with contextual information. In cluttered scenes,
nearby objects often share similar context while containing
distinct object descriptors. Therefore, we introduce a Hard
Negative Adjacent Mining strategy that selects neighboring
object candidates to encourage the model to better differen-
tiate between nearby objects. Next, we incorporate cross-
view global features using a novel Ego↔Exo Cross Atten-
tion mechanism. Finally, we train the model with a Mask
Matching Contrastive Loss, which selects the best mask
candidate in the destination view by learning a cross-view
feature alignment that captures both global scene context
and fine-grained object features.

Our method is both simple and effective, achieving state
of the art in the Ego-Exo4D Correspondences benchmark
[24]. We obtain 45.8 (Ego2Exo) and 48.6 (Exo2Ego) IoU
in the test v2 split, which represents a relative gain of +22.1
% and +76.4% against the official challenge baselines [24],
respectively. Moreover, in the validation v1 set, O-MaMa
scores 50.1 and 54.2 IoU in the Ego2Exo and Exo2Ego sce-
narios, showing a +13.1 % and +6.5 % against the previous
SOTA model [19] using only 1 % of training parameters.

2. Related Works
Ego-Exo understanding. Exocentric (third-person) vi-
sion has been extensively studied in action recognition [26,
36], segmentation [31, 71, 76] and tracking [12, 75]. Al-

ternatively, egocentric (first-person) vision offers a unique
viewpoint for capturing human behavior. The arrival of
large-scale datasets [14, 23] has driven progress in action
recognition [1, 58], action anticipation [20, 51], affordance
segmentation [49, 52], and episodic memory [3, 46]. Since
egocentric and exocentric views provide complementary vi-
sual cues of the scene, combining both perspectives has
emerged as a promising direction for learning generalizable
view-invariant representations. Some works [17, 39] im-
prove model training in one perspective by leveraging data
properties from the other view. Other works explore the
benefits of learning cross-view invariant features for action
recognition [60, 80, 83], affordance segmentation [35], ac-
tivity progression [16], and temporal action segmentation
[57]. In contrast, we propose learning view invariant fea-
tures at object level to match masks across synchronized
views, which requires fine-grained pixel-level predictions.

Learning correspondences. Traditionally, detector-
based local feature matching methods first detect key-
points in an image and then extract descriptors to establish
correspondences following hand-crafted [4, 45, 62] or
learning [15, 82] approaches, using nearest neighbor search
or an attentional graph neural network [63] to find matches
between the extracted interest points. More recently,
detector-free methods [18, 28, 67] have gained attention
for their ability to directly obtain dense feature matches
without an explicit keypoint detection. For instance,
RoMa [18] achieves robust feature matching under extreme
changes in scale, viewpoint and illumination. While these
methods establish correspondences between images of the
same scene or object instances, semantic correspondence
approaches [11, 42, 84] find dense matches between se-
mantically similar images. For example, Zhang et al. [84]
fuses DINOv2, that provides sparse but accurate matches,
with stable diffusion features, which contain high-quality
spatial information. Here, we propose leveraging powerful
semantic features from DINOv2 as well, but in a different
context. Instead of keypoints or semantic parts, we estab-
lish correspondences between entire object masks across
different perspectives.

Segmentation Models. Traditional approaches are cate-
gorized into semantic segmentation [43, 77], instance seg-
mentation [5, 25, 50], panoptic segmentation [8, 9, 32, 48],
and video object segmentation [56, 69, 81]. SAM [33] in-
troduced the promptable segmentation task [30, 38, 78, 87],
where fine-grained segmentation masks are generated from
a spatial prompt (i.e., a point, or a bounding box). Recently,
several works [34, 86, 89] have leveraged the input token
flexibility of Large Language Models (LLMs) to support di-
verse input conditions and output formats.

Despite the significant advances in single-image seg-
mentation, few works address object segmentation across
multiple images. For instance, semi-supervised video ob-
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Figure 2. O-MaMa architecture. In the destination view, we generate a set of mask candidates with FastSAM. We extract descriptors
on both source and destination masks by pooling dense DINOv2 features, and we aggregate global cross-view features with respective
cross-attention mechanisms. We learn view-invariant features in a latent space via contrastive learning, and we select the most similar
mask embedding to obtain the corresponding mask.

ject segmentation [56] methods segment an object along
the video given its mask in the initial frame [6, 22, 37, 53,
79]. Similarly, image co-segmentation models aim to iden-
tify common objects across different images [61, 65, 68].
Adapting LLMs to the cross-view segmentation, Object-
Relator [19] fine-tuned PSALM [86] with a dedicated mod-
ule that enforces view-invariant embeddings through a self-
supervised alignment. In this work, we propose to reformu-
late the cross-view segmentation as a mask matching task,
incorporating FastSAM [87] in our pipeline to leverage its
fine-grained, zero-shot segmentation capabilities; showing
that we can achieve state-of-the-art results while signifi-
cantly reducing the number of trainable parameters.

3. Methods

3.1. Task Formulation

Given a pair of images from two different views (egocen-
tric and exocentric) and a query object mask MS in the
source view IS , the objective of the Ego-Exo Correspon-
dences task is to predict the corresponding object mask in
the destination view ID. In the Ego2Exo task, the source
view corresponds to the egocentric image, and the destina-
tion view is the exocentric image, and the opposite happens
in the Exo2Ego setting. The task is restricted to use only vi-
sual information as input for the model, excluding semantic
labels, object names, or camera pose information.

Additionally, the task involves significant viewpoint
variation and challenges due to the inherent characteristics

of each viewpoint: egocentric views suffer camera motion
and occlusions due to the ongoing interactions, while the
exocentric perspective contains objects at multiple scales
distributed along all the scene. See Fig. 3 for some exam-
ples of these limitations in the dataset. All these factors
require combining both a very fine-grained segmentation
capability and a global cross-view understanding to effec-
tively locate the corresponding objects across views.

3.2. Method overview

We reformulate the challenging cross-view segmentation
task as a cross-view Object Mask Matching (O-MaMa)
problem. This novel approach exploits the high-quality
zero-shot segmentation capabilities exhibited by SAM [33,
87] to simplify the segmentation problem. Fig. 2 shows
the architecture of our method. The goal of O-MaMa is
to select the object mask candidate in the destination view
that matches the source mask best. We first extract a set of
object mask proposals in the destination view using Fast-
SAM [87], from which we compute object-level and con-
textual descriptors with the Mask-Context Encoder (Section
3.3). We also include cross-view global features through a
novel Ego↔Exo Cross Attention mechanism (Section 3.5).
We adopt a novel Mask Matching Contrastive Loss (Sec-
tion 3.6) to learn view-invariant features by minimizing the
distance between paired samples and maximizing the dis-
tance between negative (unpaired) samples in a shared la-
tent space. During training, we enforce the model to learn
more robust and discriminative object descriptors with a
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Figure 3. Examples of complex scenarios. The object may ap-
pear on the edges, be partially occluded or be extremely small.

Hard-Mining via Adjacent Neighbors (Section 3.4).

3.3. Mask-Context Encoder
We first generate a set of dense mask proposals in the desti-
nation view using FastSAM [87], which segments intuitive
regions of the scene, such as entire objects, object parts or
surfaces, with comparable quality to SAM [33], while being
50× faster. Specifically, from the destination image, ID, we
generate N mask candidates {Mn}Nn=1.

Then, we compute a descriptor of each mask seg-
ment. We leverage DINOv2 [55], a self-supervised learn-
ing model, due to its high-level semantics, object de-
composition capabilities and dense feature localization
properties. We extract a local object descriptor on =
Avg-Pool(Mn, ψ(I

D)) by pooling the corresponding ob-
ject mask from the DINOv2 feature map of the destination
image, denoted as ψ(ID). Some studies suggest [2, 21, 27]
that humans leverage visual contextual associations among
objects to represent scenes. Inspired by this, we extract
a context descriptor cn = Avg-Pool(bn, ψ(I

D)) by pool-
ing features from an extended bounding box B around each
mask. In both cases, we upsample ×4 the DINOv2 feature
map size in order to retain feature’s regions fine granularity
[66]. Similarly, we extract object oS and context embed-
dings cS of the source mask MS in the other view.

3.4. Hard-Mining via Adjacent Neighbors
While the object embedding on contains very discrimina-
tive object features, the context embedding cn incorpo-
rates surrounding information to help localizing the object
in the other view, but this surrounding context also intro-
duces ambiguity in cluttered environments, where nearby
objects share a similar context. To address this, we in-
troduce a hard-negative mining strategy based on adjacent
neighbors, encouraging the model to disambiguate between
nearby but distinct objects with similar context. In the des-
tination view, we construct a graph of mask segments based
on the pixel centers of each mask using the Delaunay Tri-
angulation, as Fig. 4 shows. This results in a binary ad-
jacency matrix A ∈ {0, 1}N×N , defining the connectivity
between segments. We define N (on) to the set of neighbors
of object on. Then, we take the second order neighbor set
N 2(on) = {N (oj) ∀oj ∈ N (on)}. Finally, we consider

Figure 4. Hard Negatives mining examples. We visualize 2nd

order adjacent neighbors both in ego (left) and exo (right) scenar-
ios.

the joint set of first and second order neighbors as the hard
negative candidates O−

n = {N (on) ∪N 2(on)}.

3.5. Ego↔Exo Cross Attention
Although the mask context embedding incorporates sur-
rounding contextual information, it lacks a global represen-
tation across views. Therefore, we introduce a Ego↔Exo
Cross Attention mechanism, which enhances the object em-
bedding by extracting its corresponding semantic features
in the other view. Specifically, we compute a cross atten-
tion operation [73] between the candidate object masks on

and the source image feature map ψ(IS).

  \hat {\mathbf {o}}_{n} = \text {Softmax} \left ( \frac { \mathbf {o}_{n} W_Q \cdot ( \psi \left (I^{S}\right ) W_K)^\top }{\sqrt {d}} \right ) \cdot \psi \left (I^{S}\right )W_V  


 
















We compute query vectors from the candidate object de-
scriptors on with a linear projection WQ, while key and
value vectors represent the overall source image features
ψ(IS) using the WK and WV linear layers. Before the
cross-attention operation, we incorporate a learnable posi-
tional embedding to encode the spatial location of the patch
tokens and a standard Layer Norm operation. Intuitively,
the cross-view embedding of the object-mask candidates ôn

captures how each potential mask candidate is represented
in the source view. Similarly, we compute the cross-view
embedding of the source mask ôS using the source mask
descriptor oS for the queries and the overall destination im-
age features ψ(ID) for the keys and values.

3.6. Mask Matching Contrastive Loss
The final descriptor ρn is obtained from the n-th candidate
mask by concatenating its refined cross-view embedding
ôn, the context embedding cn and the object embedding on;
while the final descriptor ρS of the source mask is the re-
sult of concatenating ôS , cS and oS , respectively. Then,
a shallow multi-layer perceptron fθ(x) ∈ Rdf maps the
cross-view embeddings to a latent feature representation,
where df is the dimension of the common feature space.
This mapping ensures that both egocentric and exocentric
masks are embedded within a shared latent space, enabling
a cross-view comparison.
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Our contrastive loss is based on InfoNCE [54]. We se-
lect a batch B of |B| elements, one positive and |B| − 1
negatives from the list of closest neighbors around the tar-
get object in the other view O−

n as defined in Section 3.4. If
the number of neighbors is greater than the negative batch
size, |O−

n | > |B| we randomly select a subset of |B| ele-
ments from the neighbor set O−

n . If |O−
n | < |B| we also

include masks from random objects from the rest of the im-
age. If the number of segmented objects is less than the
neighbor set O−

n , the objects are duplicated in order to fill
the negative batch size |B|. Finally, we apply the pairwise
cosine similarity sim(·, ·) between the source mask embed-
ding fθ(ρS) and the batch of |B| mask candidates embed-
dings {fθ(ρn)}|B|

n=1 for computing the training loss:

  \mathcal {L}_{M}(\rho ^+, \rho _{S}) = - \log \frac {\exp (\text {sim}(f_\theta (\rho ^+), f_\theta (\rho _{S}))/\tau )}{\sum ^{|\mathcal {B}|}_{n=1} \exp (\text {sim}(f_\theta (\rho _{n}), f_\theta (\rho _{S}))/\tau )}     



 

where fθ(ρ+) is the positive element in the batch. This
mask matching contrastive loss aligns the corresponding
cross-view object embeddings while it separates the remain-
ing object candidates in the shared feature space.

3.7. Inference
At inference, we choose the object candidate whose embed-
ding is closest to the source object in the latent space.

  \mathcal {M}_{n^*}, \; \text {where} \;\; n^* = \arg \max (\text {sim} \left [ f_\theta (\rho _{n}), f_\theta (\rho _{S})\right ])     






Intuitively, the similarity score should be low for objects
that do not share context or appearance.

4. Experiments
4.1. Experimental Setup
Training dataset. We use the novel Ego-Exo4D [24]
dataset for our experiments. Ego-Exo4D is a massive-scale
multi-modal video dataset containing synchronized egocen-
tric and exocentric recordings of human activities. Specif-
ically, we consider the Ego-Exo4D Correspondences set,
which includes 1.8M synchronized object masks annotated
at 1 FPS, covering 5.6K objects across 1335 unique videos
and six different activities (cooking, bike repair, health, mu-
sic, basketball, and soccer).
Evaluation. Following the official Ego-Exo4D Correspon-
dences benchmark [24], we adopt the Intersection over
Union (IoU) as the primary evaluation metric. We also re-
port the Contour Accuracy (Cont.A) [56] to measure the
similarity between predicted and ground-truth mask con-
tours after translation, and the Location Error (Loc.E),
which quantifies the normalized distance between the pre-
dicted and ground-truth mask centroids.
Implementation details. We employ FastSAM [87] with
default hyper-parameters (0.9 IoU, 0.4 confidence score)

Figure 5. RoMa [18] success and failure cases. The extreme
view variance makes that, even SOTA methods in geometry match-
ing like RoMa [18], fail in extracting matches.

to generate dense candidate masks in the destination view.
FastSAM achieves performance comparable to SAM [33]
while being 50× faster and utilizing just 68M parameters.
For feature extraction, we use a DINOv2 [55] ViT-B/14
model, which consists of 86M parameters. Our model is
trained with the AdamW optimizer [44] and an initial learn-
ing rate of 8·10−5 with cosine annealing scheduling. We
use a batch size of 24 image pairs, sampling 32 masks can-
didates in each destination image during training. We con-
duct our experiments on two NVIDIA GeForce RTX 4090.

4.2. Baseline Models
We compare our approach against the following baselines1:
• XSegTx and XView-XMem are the official baselines

[24]. XSegTx adapts an image co-segmentation model
[65], extended with a cross-view temporal memory [10].

• CMX [85] is a transformer-based segmentation model
that fuses two modalities. We concatenate the query mask
with the source image, and we adapt the decoder to pre-
dict the mask.

• PSALM [86] combines a LLM with Mask2Former [9]
to perform zero-shot segmentation. ObjectRelator [19]
trains PSALM with specialized cross-view modules.

• k-Nearest Neighbors (k-NN). This is a naı̈ve version of
our approach. We extract descriptors of the generated
mask candidates in the destination view, and we select
the most similar to the query mask in the source view.

• Geometry Methods [18]. We restrict the k-NN search
to only the masks that satisfy the epipolar line restriction,
in order to evaluate the geometrical constraints of tradi-
tional geometrical matching methods. We tried Light-
Glue [41] using either SuperGlue [63] (43.8 % success
rate2), SIFT [45] (42 % success rate), DISK [72] (31.2 %
success rate) or ALIKED [88] (40.2 % success rate), and
compared them using RoMa [18] (67.6 % success rate).

1See the supplementary material for implementation details
2Rate of success cases (see Fig. 5) when extracting matches in pairs of

images. Refer to the supplementary material for more details.
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Ego2Exo Exo2Ego Num. Param. (M)

Method IoU↑ Loc.E↓ Cont.A↑ IoU↑ Loc.E↓ Cont.A↑ Total-IoU↑ Total Train
PSALM [86] (Zero-shot) 7.4 0.266 0.121 2.1 0.294 0.058 4.8 1587.1 0
CMX [85] 6.8 0.110 0.137 12.0 0.166 0.177 9.4 138.0 17.3
XSegTx [24] 18.9 0.070 0.386 27.1 0.104 0.358 23.0 12.1 3.6
XMem [24] 19.3 0.151 0.262 16.6 0.160 0.240 18.0 62.2 62.2
XMem + XSegTx [24] 34.9 0.038 0.559 25.0 0.117 0.237 30.0 75.6 67.1
Ours (k-NN baseline) 31.9 0.195 0.414 30.9 0.127 0.373 31.4 154.0 0
Ours (O-MaMa) 42.6 0.033 0.590 44.1 0.082 0.524 43.4 165.6 11.6

Table 1. Results on the Ego-Exo4D Correspondences v2 test split.

Method
Ego2Exo

IoU↑
Exo2Ego

IoU↑
Total
IoU↑

Total
Param.(M)

Train
Param.(M)

XSegTx 6.2 30.2 18.2 12.1 3.6
XMem 17.2 20.7 19.0 62.2 62.2
XMem + XSegTx 36.9 36.1 36.5 75.6 67.1
PSALM (zero-shot) 7.9 9.6 8.8 1587.1 0
PSALM (fine-tuned) 41.3 44.1 42.7 1587.1 1587.1
ObjectRelator 44.3 50.9 47.6 1587.3 1587.3
Ours (k-NN baseline) 40.5 40.6 40.6 154.0 0
Ours (O-MaMa) 50.1 54.2 52.1 165.6 11.6

Table 2. Ego-Exo4D Correspondences v1 val split results.

Due to its more view variance robustness, we select this
last method to obtain the fundamental matrix and transfer
the mask centroid in the source view to its epipolar line
in the destination view, and we discard those candidate
masks further than a certain threshold to the epipolar line.

4.3. Comparison with the State of the Art
Tab. 1 presents results on the EgoExo4D Correspondences
v2 test set, demonstrating the our approach’s effectiveness.
Even our simplest version, the k-NN baseline, already sur-
passes the official XMem+XSegTx, achieving 31.9 IoU
in Ego2Exo and 30.9 IoU in Exo2Ego tasks. Our full
method, O-MaMa, further improves performance, reaching
42.6 Ego2Exo and 44.1 Exo2Ego IoU, representing con-
siderable relative gains3 of up to +22.1 % and +76.4 %
over XMem+XSegTx. The improvement is consistent in the
other metrics, where O-MaMa obtains 0.033 Loc.E, 0.590
Cont.A in the Ego2Exo task and 0.082 Loc.E and 0.524
Cont.A in the Exo2Ego task.

As ObjectRelator [19] reports only results on the out-
dated EgoExo4D Correspondences v1 validation split, we
also show results in this split in Tab. 2. O-MaMa also
achieves the best performance, obtaining a 50.1 Ego2Exo
IoU and 54.2 Exo2Ego IoU, while requiring only 1 % of the
trainable parameters compared to [19]. The potential of our
approach is further demonstrated by comparing our k-NN
baseline with PSALM [86] in zero-shot inference. While
PSALM achieves only 7.9 and 9.6 IoU in the Ego2Exo and
Exo2Ego tasks, respectively, our k-NN baseline scores 40.5

3We compute the relative gain% of x relative to y as 100 · (x−y
y

).

and 40.6 IoU while using approximately 10% of the total
number of parameters. This highlights the underlying chal-
lenges of the cross-view segmentation task and showcases
that reformulating the problem as an object mask matching
task significantly boosts zero-shot performance.

4.4. Ablation study

O-MaMa architecture. Tab. 3 details the contribution of
each O-MaMa component. Experiment A highlights the
benefits of training a simple MLP with our novel Mask
Matching Contrastive Loss LM , which aligns cross-view
embeddings in a common latent space and improves IoU
from 35.2 to 42.2 (Ego2Exo) and 34.9 to 44.7 (Exo2Ego).
Second, Experiments A, B and C show that incorporating
regional context is only beneficial when we sample adjacent
negatives during training, as the hard-mining strategy forces
the model to learn more fine-grained discriminative embed-
dings in nearby candidates with similar context but differ-
ent mask descriptor. Next, our Ego↔Exo Cross Attention
mechanism introduces cross-image content and global in-
formation into the object embedding. As Fig. 6 shows, this
module incorporates the object features from the other per-
spective, smoothing the cross-view alignment and improv-
ing the final performance. Finally, the joined effect of all
our proposed modules specially improves the Loc.E, with
relative improvements of +67.5 % (Ego2Exo) and +38.0 %
(Exo2Ego), which yields a final gain of +37.2 % Ego2Exo
and +42.1 % Exo2Ego IoU. This demonstrates that, while
the k-NN baseline is agnostic to the candidate mask loca-
tion, (it just selects the most similar match),
Mask Descriptors. Tab. 4 compares different pooling
strategies for obtaining a mask descriptor. The k-NN
baseline, which relies solely on object semantic similar-
ity, shows that averaging DINOv2 upsampled features over
mask pixels provides the best results (35.2 and 34.9 IoU),
as it retains the fine-grained object representation from the
dense DINOv2 feature map. This strategy outperforms
CLIP-based descriptors (24.5 Ego2Exo and 23.9 Exo2Ego
IoU), DINOv2 average pooling over the bounding box (21.8
Ego2Exo and 21.2 Exo2Ego IoU) or DINOv2 mask cen-
troid (25.6 Ego2Exo and 24.1 Exo2Ego IoU). Tab. 4 also
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Ego2Exo Exo2Ego

Exp. LM Context Adj. Neg C.Attn Global Union IoU↑ Loc.E↓ Cont.A ↑ IoU↑ Loc.E↓ Cont.A↑ Total-IoU↑
Base. - - - - - 35.2 0.191 0.455 34.9 0.163 0.423 35.1

A ✓ - - - - 42.2 0.074 0.571 44.7 0.112 0.546 43.5
B ✓ ✓ - - Concat 42.7 0.069 0.577 44.4 0.116 0.543 43.6
C ✓ ✓ ✓ - Concat 46.9 0.079 0.599 45.6 0.107 0.548 46.3
D ✓ ✓ ✓ ✓ Weighted Sum. 47.3 0.064 0.611 46.8 0.112 0.543 47.1
E ✓ ✓ ✓ ✓ Concat 48.3 0.062 0.621 49.6 0.101 0.576 49.0

Relative Gain % of x with respect to y (x−y)
y +37.2% +67.5% +36.5% +42.1% +38.0% +36.2% +39.6%

Table 3. Ablation study on the O-MaMa proposed modules on the 10% of the validation set.

Ego2Exo Exo2Ego

Method Geometry LM IoU↑ Loc.E↓ Cont.A↑ IoU↑ Loc.E↓ Cont.A↑ Total-IoU↑

Max-Pool(b)-DINOv2 [55] ✗ ✗ 5.8 0.306 0.119 17.8 0.216 0.253 11.8
✓ ✗ 6.9 0.302 0.132 20.2 0.210 0.278 13.6

Centroid(M)-DINOv2 [55] ✗ ✗ 25.6 0.202 0.357 24.1 0.178 0.326 24.9
✓ ✗ 26.5 0.190 0.378 26.0 0.172 0.346 26.3

Avg-Pool(b)-DINOv2 [55]
✗ ✗ 21.8 0.245 0.324 21.2 0.201 0.291 21.5
✓ ✗ 23.2 0.238 0.345 23.7 0.195 0.314 23.5
✗ ✓ 27.8 0.092 0.426 44.1 0.111 0.537 36.0

Avg-Pool(b)-CLIP [59]
✗ ✗ 24.5 0.257 0.325 23.9 0.234 0.301 24.2
✓ ✗ 26.2 0.220 0.359 26.7 0.209 0.335 26.5
✗ ✓ 27.5 0.170 0.379 40.4 0.155 0.477 34.0

Avg-Pool(M)-DINOv2 [55]
✗ ✗ 35.2 0.191 0.455 34.9 0.163 0.423 35.1
✓ ✗ 35.4 0.184 0.467 36.6 0.156 0.440 36.0
✗ ✓ 42.2 0.074 0.571 44.7 0.112 0.546 43.5

Table 4. Ablation study on the mask descriptors and the influence of learning and geometry constraints. We compare the effects of
leveraging inferred camera pose constraints or training a simple MLP with our LM , configuration that corresponds to Exp.A in Tab. 3.

Figure 6. Ego↔Exo Cross-Attention maps

reports that applying geometric constraints yields a minor
performance gain (35.2 vs. 35.4 Ego2Exo IoU, and 34.9 vs.
36.6 Exo2Ego IoU when pooling DINOv2 mask features)
due to the low success rate of camera pose estimation meth-
ods. As Fig. 5 shows, even RoMa [18] struggles with the
high viewpoint variance between ego and exo perspectives.
This improvement is even less significant when compared
to learning view-invariant features with LM (35.2 vs. 42.2
Ego2Exo IoU and 34.9 vs. 44.7 Exo2Ego IoU), highlight-
ing the need to extract stronger visual cues.

Figure 7. Per-tasks Ego2Exo IoU performance.

Detailed performance per task and mask size. Fig. 7
shows the IoU across different scenarios in the Ego2Exo
task, where O-MaMa outperforms XMem + XSeg-Tx in
most cases, including the challenging cooking and bike re-
pair activities, which involve cluttered environments and
objects of multiple sizes. Fig. 9 analyzes the segmentation
performance across the target mask sizes, showing that O-
MaMa excels in medium and large-size objects. However, it
still struggles with very small objects, as extracting a mean-
ingful mask descriptor remains challenging.
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Figure 8. Exo2Ego Qualitative Results. We show the source mask in blue and the top 3 target masks in green, yellow and orange.

Figure 9. Ego2Exo IoU performance across different object
sizes in the destination view.

4.5. Qualitative results
We show qualitative examples for the Exo2Ego (Fig. 8) and
Ego2Exo (Fig. 10) tasks. The results show that top mask
candidates are closely aligned due to their similar context,
but our method correctly matches the top-1 mask candidate
with the target object. FastSAM’s fine-grained zero-shot
capabilities yield high-quality segmentation masks (e.g., the
tire in Fig. 10 and the knife or bottle in Fig. 8). However,
as a limitation of our approach, they may produce partial
segmentations when they capture only a part of the object
(e.g., the saucepan in Fig. 10). Finally, the total inference
time of our approach is 250ms on average, of which 70ms
correspond to the FastSAM mask extraction.

5. Conclusions

In this work, we address the problem of ego-exo object
correspondences, a key step for multi-agent perception.
We demonstrate that reformulating cross-view segmenta-
tion as an object mask matching problem simplifies the task
while improving accuracy under zero-shot conditions. Our
Mask Matching Contrastive Loss effectively aligns cross-
view embeddings, while DINOv2 pooled mask features
preserve fine-grained details. The proposed Hard Nega-
tive Adjacent Mining strategy enhances object differentia-

Figure 10. Ego2Exo Qualitative Results. For visualization pur-
poses, we show the top 3 masks in green, yellow and orange.

tion, and Ego↔Exo Cross Attention integrates global cross-
view context. As a result, O-MaMa achieves state-of-the-
art performance on the EgoExo4D Correspondences task
while using considerably fewer parameters, obtaining a uni-
fied fine-grained segmentation and strong cross-view under-
standing.
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